Genomic imprinting is manifested as differential allelic expression (DAE) depending on the parent-of-origin. The most direct way to identify imprinted genes is to directly score the DAE in a context where one can identify which parent transmitted each allele. Because many genes display DAE, simply scoring DAE in an individual is not sufficient to identify imprinted genes. In this paper, we outline many technical aspects of a scheme for identification of imprinted genes that makes use of RNA sequencing (RNA-seq) from tissues isolated from F1 offspring derived from the pair of reciprocal crosses. Ideally, the parental lines are from two inbred strains that are not closely related to each other. Aspects of tissue purity, RNA extraction, library preparation and bioinformatic inference of imprinting are all covered. These methods have already been applied in a number of organisms, and one of the most striking results is the evolutionary fluidity with which novel imprinted genes are gained and lost within genomes. The general methodology is also applicable to a wide range of other biological problems that require quantification of allele-specific expression using RNA-seq, such as cis-regulation of gene expression, X chromosome inactivation and random monoallelic expression.
INTRODUCTION
In diploid organisms, a subset of genes are expressed exclusively or preferentially from one of the two parental alleles, resulting in allelic imbalance (AI) in gene expression (Pastinen and Hudson, 2004) . In some cases, the deviation from 50%:50% is dependent on the parent of origin, such as genomic imprinting (Reik and Walter, 2001; Barlow, 2011; Bartolomei and Ferguson-Smith, 2011 ) and imprinted X chromosome inactivation (Wake et al., 1976; Huynh and Lee, 2001; Xue et al., 2002; Dindot et al., 2004; Wang et al., 2013a) . In other cases, the AI is random or sequence dependent, such as random X chromosome inactivation (Heard et al., 1997) , autosomal random monoallelic expression (RMAE; Gimelbrant et al., 2007) , allelic exclusion of immunoglobulin genes (Vettermann and Schlissel, 2010) , cis-regulating expression quantitative trait loci (cis-eQTL), loss of heterozygosity in cancer (Thiagalingam et al., 2001 ) and monoallelic expression of olfactory receptors (Chess et al., 1994) . Technical details of the methods for quantifying differential allelic expression (DAE) accurately are critical to study AI.
Genomic imprinting is a special form of AI in which the expression level of each allele depends on the parent-of-origin (Reik and Walter, 2001; Barlow, 2011; Bartolomei and Ferguson-Smith, 2011) . To date, about 120 imprinted genes have been identified and successfully validated in humans and mice (Morison et al., 2001 (Morison et al., , 2005 Prickett and Oakey, 2012) , and we know this list is not complete. Genomewide and transcriptome-wide approaches have been applied to detect genomic imprinting (Maeda and Hayashizaki, 2006; Henckel and Arnaud, 2010) , including microarray expression profiling of parthenogenote and androgenote embryos (Mizuno et al., 2002; Nikaido et al., 2003; Kuzmin et al., 2008; Sritanaudomchai et al., 2010) and uniparental disomic mice (Choi et al., 2001 (Choi et al., , 2005 Schulz et al., 2006) , expression profiling using allele-specific single-nucleotide polymorphism (SNP) arrays (Pollard et al., 2008; Serre et al., 2008; Brideau et al., 2010; Morcos et al., 2011) and computational prediction methods (Ke et al., 2002; Yang et al., 2003; Luedi et al., 2005 Luedi et al., , 2007 Brideau et al., 2010) . Recently, RNA-seq has become the method of choice for in-depth analysis of the whole transcriptome of an organism (Ozsolak and Milos, 2011) . Among many applications, quantification of DAE is crucial for understanding a number of fundamental biological questions, such as cis-acting factors regulating gene expression, identification of genomic imprinting and parent-of-origin effects, X chromosome inactivation and dosage compensation. To search for novel imprinted genes genome-wide in an unbiased way, we and others have applied next-generation RNA sequencing (RNA-seq) and quantitatively measured the allele-specific expression in RNA samples from reciprocal crosses of inbred mouse strains. This was accomplished by directly counting the number reference/alternative allelecontaining reads at polymorphic SNP positions in the parental genome (Babak et al., 2008; Wang et al., 2008 Wang et al., , 2011 Gregg et al., 2010a, b; DeVeale et al., 2012; Okae et al., 2012) . This approach has been successful in identifying a number of additional imprinted genes in mice.
Although the RNA-seq method is expected to allow discovery of the full complement of genes that undergo genomic imprinting, there are some discrepancies between different studies and some of the candidate genes could not be verified, suggesting that technical issues with RNA-seq for DAE quantification can produce false-positive calls, necessitating a need for subsequent validation using an independent method (DeVeale et al., 2012; Kelsey and Bartolomei, 2012; Okae et al., 2012) . Based on our experience with quantification of DAE from RNA-seq data and pyrosequencing validation (Wang and Elbein, 2007) , the allele-specific expression ratios in reciprocal F1 hybrids could be accurately quantified using RNA-seq data with sufficient library complexity and coverage depth. In this report, we discuss the challenges for inference of allele-specific expression using RNA-seq, including correcting the reference genome mapping bias, assessing library complexity, filtering problematic SNPs and determining the true false discovery rate.
Genomic imprinting has been discovered in both animals and plants (Kohler and Weinhofer-Molisch, 2010) . In animals, genomic imprinting is only known in therian mammals, and most imprinted genes are expressed and imprinted in the brain and placenta (Pask, 2012; Keverne, 2013; Renfree et al., 2013) . Having the full catalog of imprinted genes in several different mammalian species will greatly facilitate the understanding of many evolutionary questions about genomic imprinting, including but not limited to origin and fixation of genomic imprinting, conservation of degree of expression direction and imprinted genes, dynamic gain and loss of imprinting status on the mammalian phylogenetic tree and effect of loss of diploidy for imprinted genes in shaping the population genetic profile. However, to date, the majority of imprinted genes have been discovered in mouse or human, and studies in other mammals have mostly been surveys or confirmations of the imprinting status for known imprinted genes. This ascertainment bias has limited the ability of comparative evolutionary genomic analysis. And the presence of non-mammalian imprinting effects (de la Casa-Esperon, 2012) also motivates an unbiased way for searching novel imprinted genes without any previous knowledge. Quantification of DAE from RNA-seq data of reciprocal F1 individuals remains a powerful method to achieve this goal when the study design, experimental procedures and data analysis have been properly performed. In addition, the method for DAE quantification could be used to study other forms of AI as well.
QUANTIFICATION OF DAE IN RECIPROCAL CROSSES FROM INBRED OR SEMI-INBRED STRAINS
In order to identify novel imprinted genes by allele-specific expression analysis, informative SNP positions in exonic regions are needed to distinguish the relative transcript abundance from the two parental alleles. RNA samples from hybrid F1 individuals derived from reciprocal crosses of inbred strains/species are ideal for this purpose. The advantage of using inbred or semi-inbred strains/species is to have every single SNP in the F1 transcripts be informative with trackable transmission direction ( Figure 1a ). To identify novel imprinted genes, detecting significant AI (deviation from 50%:50% expression from the two parental alleles) is not sufficient, because there are three different possibilities: cis-eQTL effect, RMAE or parent-of-origin effect due to genomic imprinting or imprinted X chromosome inactivation. By cis-eQTL, we mean cis-regulating expression quantitative trait locus, which could be due to 5 0 or upstream/downstream cis-acting polymorphisms near the promoter/ enhancer regions that display variability in their interaction with transcription factors to produce differential expression, or cis-eQTLs could be 3 0 -untranslated region SNPs affecting mRNA stability or microRNA binding (Gilad et al., 2008; Majewski and Pastinen, 2011) . In cis-eQTL, the allelic expression is regulated in cis (Figure 1b) . RMAE (Krueger and Morison, 2008; Chess, 2012) was observed in mouse olfactory receptors (Lomvardas et al., 2006) , mammalian X-linked genes that undergo random X chromosome inactivation (Clerc and Avner, 2006) , allelic exclusion of immunoglobulin genes (Vettermann and Schlissel, 2010) , loss of heterozygosity in cancer (Lasko et al., 1991) and about 8% of the mouse autosomal genes are randomly expressed from one of the parental alleles (Gimelbrant et al., 2007; Zwemer et al., 2012) . RMAE generally refers to the situation in which individual cells express one allele or the other, and across a population of cells, both alleles are generally expressed. To distinguish between RMAE and parent-of-origin monoallelic expression, adequate sample size is needed to capture representative individuals expressing an identified paternal/maternal allele in the two reciprocal F1 crosses (Figure 1c) . Therefore, validation of novel candidate imprinted genes should be performed across a panel of informative individuals to exclude the possibility of RMAE (Wang et al., 2011 (Wang et al., , 2013b . Consistent parent-of-origin allelic expression in both reciprocal crosses is needed to confirm a newly identified imprinted gene (Figure 1d ). Besides the canonical imprinted genes with parent-of-origin expression in all F1 samples tested, a subset of imprinted genes show variable imprinting status, with biallelic expression in some individuals (Wang et al., 2013b) . This is different from RMAE because monoallelic expression of the other parental allele is never observed (Figure 1e ).
The design of reciprocal crosses of two inbred strains/lines is efficient and has led to the discovery of most imprinted genes in mice. However, in crosses using semi-inbred lines and outbred organisms, including humans, it could be challenging to perform a genome-wide survey for novel imprinted genes. As the SNP positions are not always heterozygous in all genes of the assayed individuals, a larger sample size (at least 430) is needed to achieve genome-wide gene coverage with enough informative individuals. Due to the segregating variation in the genome, the heterozygous SNP positions are not always informative in terms of transmission direction (individual 3 in Figure 1f ). To identify novel candidate imprinted genes in humans, the first step is to check informative individuals for transcribed genes and exclude the possibility of RMAE. The next step is to genotype the informative SNP positions in the parents and distinguish the imprinting candidates from a large number of cis-eQTL (Montgomery et al., 2010; Majewski and Pastinen, 2011; Becker et al., 2012) . One useful method is to search for a 'flipped' allelic expression pattern at SNP positions (Pollard et al., 2008) . For example, shown in Figure 1f is the allelic expression profile of three individuals in a maternally expressed imprinted gene. A flipped pattern would be seen when some individuals have higher expression from the reference allele (A allele in Figure 1f ), while others have higher expression from the alternative allele (G allele in Figure 1f ), so observing a flipped pattern (individuals 1,2 or 1,3 but not 2,3) will exclude the possibility of a strong cis-eQTL effect (Figure 1f) .
It is also critical to have adequate SNP density in the transcriptomes of the two strains for successful identification of novel imprinted genes in reciprocal F1 individuals. If the SNP density is too low, most genes will contain no exonic SNPs for allelic expression quantification, therefore genome-wide coverage will not be achieved. On the other hand, if the two strains/species are too distantly related, then the F1 hybrids may display dysregulation of the epigenetic profile, resulting in aberrant genomic imprinting (Shi et al., 2005) . In addition, high SNP density might affect the proper alignment of the alternative allele-containing reads, resulting in biased estimates of the allele-specific expression ratio, favoring the reference allele. The quality of the alignment will affect the accuracy of the DAE estimation. Insertions and deletions (INDELs), copy number variants Discovering imprinted genes with RNA-seq X Wang and AG Clark and unaligned regions between the two strains/species will also cause some problem in read alignment and the allelic expression ratio quantification. For crosses of semi-inbred strains, selecting a reference strain with full genome sequence will help the sequencing alignment step by minimizing the SNP differences between the selected and the reference genome. From our experience of several different species, 0.1-5% sequence divergence is the best for genome-wide survey of imprinted genes in reciprocal crosses.
ESTIMATION OF THE DAE RATIO AT INFORMATIVE SNP POSITIONS AND IDENTIFICATION AND VALIDATION OF NOVEL IMPRINTED GENES
After read alignment to a reference genome (Figure 2a ), the DAE ratios are obtained by directly counting the number of reference allele and alternative allele-containing reads ( Figure 2b ). SNP agreement across the entire transcript should be checked before summarizing the total SNP count by gene ( Figure 2c ). Inconsistent SNP positions may suggest the presence of alternatively spliced transcript forms with different DAE ratios. Because positions with low read coverage will have large variance in DAE estimation, based on our validation experience, a minimum of 20B25 Â depth is needed to estimate the DAE ratio from a single SNP. If there are multiple informative SNPs within a gene, a depth coverage cutoff of 8B10 Â is used for any particular SNP.
To detect significant parent-of-origin expression in reciprocal F1 crosses of strain/species 1 (S1) and strain/species 2 (S2), we define p 1 as the S1 expression ratio in S1 mother Â S2 father cross (maternal ratio) and p 2 as the S1 expression ratio in S1 father Â S2 mother cross (paternal ratio). For the majority of the genes in the genome with 50% expression from the mother and 50% from the father, p 1 and p 2 are approximately equal to 0.5; under the case of a cis-eQTL effect favoring S1 allele, p 1 and p 2 will both be 40.5; for a paternally expressed imprinted gene, p 1 is o0.5 and p 2 is 40.5 (Figure 2d ). Therefore, we could detect significant DAE between the two reciprocal F1 crosses (parent-of-origin effect) by rejecting the null hypothesis p 1 ¼ p 2 . Chi-squared test or Fisher's exact test could be used, but the Storer-Kim test has more power when the four counts are smaller (Storer and Kim, 1990) . But the chi-squared or Storer-Kim test alone should not be relied on, because application of these tests shows a clear inflation of chi-squared statistics, indicating a consistent (Wang et al., 2013b) . Left panel: Horse chromosome 10, color-coded with human chromosome synteny. Middle panel: DAE ratios for genes on chromosome 10 for both mule and hinny placenta samples. The x axis is the DAE ratio from the horse allele in the two reciprocal F1 hybrids. The red bar is drawn according to the horse allelic expression ratio in mule (p 1 ), and the blue bar is the horse allelic expression ratio in hinny (p 2 ). Right panel: Degree of parent-of-origin effect (p 2 Àp 1 ) along chromosome 10. Red: significant overexpression of the maternal allele; blue: significant overexpression of the paternal allele; gray: non-significant genes. (f) Plot of joint distribution of p 1 and p 2 . The top panel is a histogram of p 1 (blue), and the right panel is a histogram of p 2 (green). In the middle is a scatterplot of the of p 1 (on x axis) and p 2 (on y axis). (Figures 2d and e) . In the plot of the joint distribution of p 1 and p 2 , most genes with a 50:50 expression ratio are in the middle; strong cis-eQTL effect genes are in the top-right and bottom-left corners; and paternally and maternally expressed imprinted genes are in the top-left and bottom-right corners, respectively (Figure 2f ). To confirm the newly identified imprinting candidates discovered from RNA-seq data, an independent validation method is needed. For crosses of polymorphic parents or semi-inbred lines (Figure 1f ), Sanger sequencing, SNP genotyping arrays or gDNA-seq methods were used to genotype the informative SNPs in the F1 genomic DNA samples to make sure they are heterozygous and determine the transmission direction. Allele-specific quantitative reverse transcriptase-PCR or allele-specific pyrosequencing are common assays to verify the DAE ratios. Direct Sanger sequencing of the F1 cDNA could also be used for validation of all-or-none or nearly 100% imprinting candidates, but they cannot provide accurate allelic expression ratios for partially imprinted genes and sometimes will lead to wrong conclusions. Allele-specific pyrosequencing is an accurate method for DAE ratio quantification using the surrounding nucleotides as internal controls (Wang and Elbein, 2007) . The error of DAE ratio estimation ranges from 2% to 5%, which has better resolution than quantitative reverse transcriptase-PCR assay (SingerSam and Gao, 2002) . Parental samples can be included in verification as controls (Figure 3a) . The validation assay is performed in a panel of independent individuals to exclude the possibility of RMAE and variable imprinting status (Figures 1c and e) . To confirm the newly identified imprinted genes at the mechanism level, bisulfite sequencing can be used to check the differential allelic DNA methylation at the differentially methylated regions (DMRs) or imprinting control regions (Delaval and Feil, 2004;  Figure 3b ). Most known DMRs are located at promoter CpG islands or upstream or downstream enhancer regions (Bartolomei and Ferguson-Smith, 2011) . As not all known imprinted genes have a characterized DMR, the DMR validation is not required for confirming the imprinted status, but it will provide some insight regarding the regulation of genomic imprinting at this locus.
CHALLENGE 1: DETECTION AND CORRECTION OF REFERENCE GENOME ALIGNMENT BIAS When aligning the RNA-seq reads from the two reciprocal crosses, in most cases, only one reference genome is available for an organism, resulting in a bias toward the reference allele. In the F1 individuals from crosses of two species or two strains, using a cutoff of a fixed number of mismatches, sequencing reads coming from the parental strain that is more closely related to the reference genome will be over-represented, because some reads from the divergent strain will be rejected by the mismatch cutoff (Figure 4a ). We could quantify the global alignment bias by the average percentage of reference allele across all informative SNP positions (Figure 4b ). The degree of the bias depends on the SNP density between the two parental strains and the sequence alignment parameters. In some inter-specific hybrids between two Nasonia species, we have observed 470% alignment bias in divergent regions in the genome (Figure 4a) .
The alignment bias caused by the distance to the reference genome will have a significant effect on the estimation of DAE ratios. The high fidelity of read mapping of the reference-matching allele, and greater chance of the non-reference allele to fail to map to the reference, produces this bias. The DAE ratios will shift toward the reference allele (Figure 4b) , and the effect is more severe in regions with high SNP density, leading to spurious parent-of-origin effects. There are two methods for correcting the reference alignment bias. The first is to apply different mismatch cutoffs for the reference and alternative allele-containing reads . This method requires the tracking of all SNP alleles in each read and is not applicable when a single read contains the reference allele for one SNP and the alternative allele for another SNP. The best way that we have found to remove the alignment bias is to align the reads to both the reference genome and a pseudogenome, constructed by substituting the reference allele with the alternative allele in all transcribed regions, and take the average counts from the reference and pseudogenome (Wang et al., 2011 (Wang et al., , 2013b . With this approach, the alignment bias could be reduced to o1% (Figure 4b ). It is not recommended to use species/strains with an exonic SNP density410%, because one strain might not be mappable to a single reference genome.
CHALLENGE 2: RNA-SEQ LIBRARY COMPLEXITY Studies in the literature using RNA-seq to identify novel imprinted genes in mouse have revealed dramatically different profiles (Gregg et al., 2010b; DeVeale et al., 2012) , and in some studies the validation rate is extremely low even for the top candidate genes (Henckel and Arnaud, 2010) . Although the counts of reads of the two alleles have several sources of variation, we think the main reason for the discrepancy is due to the problem of insufficient library complexity, as explained below.
Under ideal conditions, the read count distribution at any given SNP position is expected to be binomial. However, in practice the distribution across replicates of read counts has a variance much greater than binomial, and the sources of the inflated error enter at all stages, from the biological material collection and extraction to library preparation, to sequencing and read mapping. For lowly expressed genes with only a few mRNA copies in the transcriptome, only one of the two alleles could get randomly ligated to the adapter and be included in the final pool just by chance, due to a series of sampling steps during RNA-seq library construction (Figure 5a ). After PCR amplification and sequencing, the data would suggest a monoallelically expressed gene, when in fact it is not (Figure 5a ). The spurious monoallelic expression in both reciprocal F1 crosses may result in false positives of candidate imprinted genes. One of the two alleles is less likely to get lost by chance for moderately expressed genes, but the allele-specific expression ratio could shift. Biased DAE ratios in opposite directions in the reciprocal F1s could also cause a spurious parent-of-origin effect (Figure 5b ). This library complexity problem will occur when the number of molecules in any step during the library preparation is small, and it is not easily noticed because the final concentration is not low after the PCR amplification step. The DAE ratios could not be accurately quantified for lowly and moderately expressed genes. However, the total expression level estimation will not be affected as much, and there may still be a good correlation of total expression level across replicates. This makes the library complexity problem easily overlooked.
The statistical distribution for the DAE ratios with read depth n can be modeled as beta-binomial distribution, Beta-binom (N, a, b), which is a compound distribution where p, the binomial parameter of the binomial distribution XBBinom(N, p), is a random variable drawn from a beta distribution pBBeta(a, b). The mean of p can be calculated as m ¼ a/(a þ b), and the variance is m(1 Àm)(1 þ (N À1) r). In this case, r ¼ 1/(1 þ a þ b) is known as the overdispersion parameter. A value of r ¼ 1 gives the usual binomial distribution. Higher values of r indicate overdispersion, and in this case the overdispersion can arise from insufficient library complexity. We simulated DAE ratio distributions for high, medium and low library complexity by using different overdispersion parameters in single or mixture beta-binomial distributions and found that the overdispersion parameter r could be used as a diagnostic check for library complexity (Figure 5c ). When we compared RNA-seq data from reciprocal crosses of mouse inbred strains AKR and PWD generated in 2009 (Wang et al., 2011) and the RNA-seq data from libraries made with the same total RNA samples in 2011 (unpublished), we found the library complexity is much better using the Illumina TruSeq (Illumina, Inc., San Diego, CA, USA) protocol compared with the older Illumina library preparation kit (Figure 5d ).
As adequate library complexity is critical for quantitative RNA-seq analysis for allelic-specific expression, here we discuss the following aspects to improve the library complexity and ensure proper data analysis.
(1) Starting with more input RNA Although the total RNA input for RNA-seq could be as low as 100 ng, based on our experience, if possible, having X2 mg input total RNA will help solve potential library complexity problem by having more starting mRNA molecules. Wang et al. (2013b) . (b) Allele-specific differential methylation in the DMR at PEG3 promoter CpG island from bisulfite sequencing is corresponding to the allelic expression bias. The PEG3 DMR is differentially methylated with maternal methylation in horse, donkey, mule and hinny placental samples and is unmethylated in sperm, consistent with paternal expression. Parental allele-specific methylation in mule and hinny is inferred from horse-donkey single-nucleotide sequence differences (positions 21 and 22). Yellow boxes depict methylated CpGs, and blue boxes are unmethylated CpGs. Modified from Wang et al. (2013b) .
Discovering imprinted genes with RNA-seq X Wang and AG Clark (2) Biological and technical replicates Independent biological replication in each of the two reciprocal crosses and/or different technique replicates for a single sample at library preparation level will help identify any library complexity problems. Deeper sequencing and pooling samples before library preparation cannot solve this problem. Gregg et al. (2010b) found 41300 novel imprinted genes in mouse brain, but other researchers only discovered a limited number of them, although the study by Gregg et al. (2010b) did use an unusual degree of identification and separation of many brain sub-regions. Given the very small size of these sub-regions, and the fact that pooled samples from four different F1 embryos were used for library preparation in Gregg et al. (2010b) , it seems likely that these data could be subject to the library complexity problem.
(3) Detecting library complexity problems To accurately estimate DAE in RNA-seq experiments, library complexity needs to be checked. The proportion of counts for one parental allele versus the other can be plotted as a frequency distribution and then fitted by beta-binomial distribution as described above. A higher value of the overdispersion parameter r (40.05 based on our experience) can be used as an indicator of poor library complexity. Another method for characterizing the molecular complexity of sequencing library is an empirical Bayesian method implemented in preseq software (Daley and Smith, 2013) .
(4) Independent single-gene validation in multiple individuals
Most of the earlier RNA-seq studies lack biological or technical replicates because of cost, making the validation across multiple individual samples absolutely essential to confirm the newly identified candidate imprinted genes from RNA-seq data. As we mentioned earlier, verification in multiple individuals also helps exclude the problem seen in the study by Gregg et al. (2010b) , where the majority of the 1300 novel imprinted genes were not confirmed by an independent validation method.
(5) Candidate genes with multiple independent SNP support For RNA-seq data with moderate library complexity, restricting the list of candidates to those with multiple independent SNP support will significantly reduce the false positive rate (Wang et al., 2011) . We define independent SNPs as informative SNPs separated by a distance greater than the read length so that each observation must be an independent sequence read. Because each SNP is an independent sampling trial, a significant candidate gene with multiple independent SNP support has a higher rate of successful verification.
(6) Calling novel imprinted genes based on validation rate As the library complexity problem can result in numerous false positives, one solution is to determine an empirical statistical cutoff tuned for each study based on the validation rate using an independent single-gene method. In an acceptable study, when the candidate imprinted genes are rank ordered according to the P-values or q-values, genes on top of the list should be verifiable, and the significant candidate list should stop when the validation rate drops to an unacceptable level. This empirical validation approach is generally more conservative (and more reliable) than a strict statistical cutoff. In a recent RNA-seq data study from Okae et al. (2012) , the researchers reported 133 paternally and 955 maternally expressed candidate imprinted gene in the mouse placenta. Only 1/6 paternal and 1/269 maternal candidates could be verified. Their conclusion is that there is high false positive rate for allele-specific expression inference from RNA-seq data (Okae et al., 2012) . We agree that the false positive rate is extremely high in this particular study, but this does not mean this is true in every study using RNA-seq. In fact, the validation rate of this study (2/275 ¼ 0.7%) is even lower than the 1-2% of the genome that is estimated to be imprinted. The number of confirmed genes (2) is actually less than the expected number of imprinting genes by random sampling of 275 genes from the genome. It seems highly likely that this study suffers from a severe library complexity problem, which causes this high false positive rate. From our analysis pipeline, following the rules we describe above to assure good library complexity, the top 40 genes that we called were successfully validated using allele-specific pyrosequencing (Wang et al., 2013b) . In short, DAE ratios can be accurately estimated from RNA-seq data when the experiment is carefully designed and the data analysis is properly done.
CHALLENGE 3: FILTERING OF PROBLEMATIC SNP POSITIONS
Even after all the major sources of variation are considered and controlled, calls of strongly skewed DAE ratios from RNA-seq are not always confirmed by allele-specific pyrosequencing. Highly significant genes with moderate or high expression level and multiple SNP (a) A cartoon figure illustrating the reference genome alignment bias in crosses of two Nasonia species (N. vitripennis and N. giraulti). Shown in the aligned reads at three SNP positions (G/A, T/C and A/T) in the exonic region of gene Nasvi2EG000025. When allowing three mismatches during the sequence alignment in this region, all reads will be aligned, and the true DAE ratio (50:50) will be correctly estimated. If only two mismatches were allowed, the DAE ratio estimated will be biased toward the reference allele. (b) Density plot of the reference allelic expression percentage distribution for alignment to the reference genome (red), pseudogenome (blue) and corrected percentages by averaging the two (black). (Wang et al., 2011) , and the right panels are from RNA-seq data of the same samples prepped and sequenced in 2011. The red curve is plotted with the fitted parameters of beta-binomial distribution.
Discovering imprinted genes with RNA-seq X Wang and AG Clark support of the same direction have a higher rate of successful verification. When checking the SNP consistency within a gene, most of the inconsistent SNPs are due to the presence of the following categories of problematic SNPs.
(1) Some SNP positions are actually non-polymorphic between the two parental strains (reference genome sequenced strain 1 and another strain 2). They seem to be polymorphic due to sequencing errors in the reference genome if the SNP is Discovering imprinted genes with RNA-seq X Wang and AG Clark called by comparing gDNA-seq from strain 2 to the reference genome. (2) RNA editing or partial RNA editing could also result in problematic SNPs. (3) Some SNPs are located in repetitive/paralogous regions (including copy number variants) that are only present once in the reference genome, so they could not be filtered out using uniquely mapped reads. (4) SNPs near insertion/deletion events might be problematic due to the mis-alignment over INDELs. (5) Junction SNPs that are near the exon-intron boundaries, where some junction spanning reads were not properly aligned. (6) At each SNP in double-stranded RNA-seq data, sequencing reads are equally likely to come from the sense and antisense direction. SNPs with strong strand bias have a low validation rate.
These problematic SNPs are generally rare, but they are highly enriched in the candidate imprinted genes identified by searching for SNPs with significantly skewed DAE ratios. They need to be filtered out to reduce the high false positive rate. Having RNA-seq and gDNA-seq data from inbred parental crosses ( Figure 1a ) will help filter out the above classes of problematic SNPs. We propose the following filters to eliminate the effect of problematic SNPs in the estimation of DAE ratios:
(1) Compare the gDNA-seq data from the reference strain to the reference genome, and correct all positions with sequencing errors in the reference genome. The above problematic SNPs should be removed before estimating DAE ratios from RNA-seq data. After finding SNPs that show statistical support for imprinting, it is important to double check each for the above issues in order to detect additional false positive calls.
CHALLENGE 4: MATERNAL CONTAMINATION IN PLACENTAL TISSUES
In placental tissues, the maternal contamination during postimplantation sample collection is inevitable for species with hemochorial placentation, such as human and mouse (Proudhon and Bourc'his, 2010) . Such maternal contamination will make genes expressed in the uterus but not fetal placenta resemble maternally expressed imprinted genes, resulting in over-calling of maternally expressed imprinted genes. Computational prediction of imprinted genes remains notoriously challenging, and one effort called 10 novel imprinted genes in the mouse placenta, all with maternal expression (Brideau et al., 2010) . However, a subsequent study showed that 4 of the 10 genes are likely due to maternal contamination (Okae et al., 2012) . Therefore, it is critical to detect and minimize the possibility for maternal contamination for the identification of novel imprinted genes. One method to avoid this is to use placental tissues from preimplantation embryos that are free of maternal contamination (Wang et al., 2013b) . If this is not possible, special dissection techniques need to be used to minimize potential maternal contamination. The degree of contamination could be quantified by measuring the expression level of uterus-specific genes, and samples with the least contamination could be selected for RNA-seq experiments. As maternal contamination is a genome-wide effect, after RNA-seq the degree of contamination could be quantified by the global maternal bias in DAE ratios for autosomal genes (Wang et al., 2011) . For the candidate imprinted genes identified from placenta, the expression level in uterus samples near the placenta need to be checked. Highly expressed genes in uterus are more likely to bias the gene toward preferential maternal expression.
CONCLUSION
The simple logic of scoring differential allele-specific expression in the offspring of reciprocal crosses to identify parent-of-origin effects has strong appeal. However, blind application of the method without considerable care at several key steps in the library construction and bioinformatics is bound to yield an inordinate number of false positive calls. This paper shares our insights from experience in applying this approach to samples from mouse, mule/hinny, opossum, honeybee and Nasonia. We emphasize the need to maintain library complexity, an issue that is very easy to miss until the final bioinformatics are done. With a low complexity library, the sampling variance grows to the point that many genes spuriously reject the null hypothesis of no parent-of-origin effects. Many problems may also occur at the bioinformatics steps, including biased mapping of reads to the reference allele. We stress the need for independent confirmation of imprinting status with replicate biological samples and an orthogonal technology. Expanded application of these methods, with careful validation, will eventually yield data that will provide a solid foundation on which to build well-supported models for the evolution of genomic imprinting, a better understanding of the diverse molecular mechanisms by which parent-of-origin expression is regulated and aspects of the fitness consequences of disruptions in genomic imprinting.
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